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1

Introduction

As the Internet enhances users’ ability to filter and search for information, it is
imperative that firms “pull” in consumers using content marketing, rather than
merely “pushing” their message through paid advertising. The effectiveness of
“push” strategies has been recently questioned, due to consumer resistance to
advertising (Baek and Morimoto 2013) 1 and rising adblocker adoption 2. In
response, firms have turned to rich digital media, such as videos, images, and
whitepapers, to promote themselves online (Corcoran 2009). In doing so, firms
can leverage their fan base to spread word-of-mout (WOM) about their media,
which may boost brand perceptions before the point of sale (Järvinen and
Taiminen 2016).
But although content marketing offers promotional opportunities for firms, it
also presents unique challenges. While firms can use analytical tools to iteratively
refine the targeting, budget, and messaging associated with their ads, digital media
offer less opportunity for modification after the media are released. As such, the
content design of these media is a key determinant of their success. Presently, the
creation of digital media is largely driven by creativity and intuition, and often
lacks empirical guidance. This is perhaps due to the perception that the spread
of digital media is somewhat random and unmanageable (Bampo 2008), or that
features of these media that lead to their popularity are hard to quantify or
operationalize. In this paper, we will provide evidence that, in fact, the content
features of digital media can predict their consumption, and that high-performing
features can be learned through empirical analysis. We will introduce and test an
approach to identifying these high-performing content features, and estimate the
effectiveness of these features in boosting consumption of media.
While advances in machine learning (e.g., deep learning, NLP) present
opportunities to capture the content features associated with digital media, it is
unclear how to assess the effect of these features on media consumption. Thus,
it remains uncertain whether the content of these media can inform more
effective media design, and if so, how firms can identify content features that are
For example, organic results on Google searches achieve over twenty times the clicks of paid results, despite
occupying less than forty percent of screen real estate (source: https://sparktoro.com/blog/seo-opportunitygrowing-shrinking/).
2 https://www.emarketer.com/Article/Ad-Blocker-Use-Grows-Publishers-Face-New-Challenges/1016076
1
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associated with high-performing media. In addition to uncovering effective
content features, firms and content creators could benefit from understanding
what rewards they can expect to reap by creating media that reflect these features.
To address these issues, our study poses two questions: (1) How can the role of
content features in consumption of media be learned, and (2) What increase in
consumption is associated with media that exhibits high-performing features?
Our analysis of content of digital media focuses on the “Big Five” personality
traits (Norman 1963). While our model can be extended to incorporate other
content features (e.g., tone, visual elements), we focus on personality due to its
demonstrated relevance to the spread of WOM (Adamopoulos et al. 2018;
Devaraj et al. 2008; McElroy et al. 2007), which is a key driver of consumption
for digital media (Susarla et al. 2011). The “Big Five” traits refer to a
psycholinguistic framework which advocates that personality can be
characterized by five dimensions: openness, conscientiousness, extroversion,
agreeableness, and neuroticism. Individuals or collectives may exhibit varying
degrees of each of these traits, which can be described as follows. The openness
trait is associated with curiosity and willingness to try new experiences, while
individuals with low openness tend to be more cautious and reserved.
Conscientiousness refers to a preference for planning over spontaneity, and selfdiscipline over free-spiritedness. The trait of extroversion is marked by high levels
of engagement with other individuals and the external world, whereas individuals
who are less extroverted (i.e., introverted) are more introspective. Agreeableness
suggests an attentiveness towards others, and a concern for social and
interpersonal harmony. Finally, the neuroticism trait is associated with emotional
volatility, and a tendency to get irritated easily. The degree to which this collection
of traits is exhibited by an entity can be referred to as its “personality”.
The extent to which each personality trait is exhibited can be inferred through
behaviors or speech (Corr and Matthews 2009; Costa & McCrae 1992). Although
personality may vary slightly over time or adapt to situational factors, there is
evidence that personalities tend to be relatively stable, and even biologicallyinfluenced (Briley and Tucker-Drob 2014). As such, personality has been shown
to various outcomes, including brand evangelism (Doss & Karstens 2014), job
performance (Barrick and Mount 1991), and marital stability (Kelly & Conley
1987).
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While much of the psychological literature has considered outcomes associated
with the personality of “real” individuals or collectives, personality can also be
exhibited by entities created with human input (Aaker 1997; Corr and Matthews
2009). Accordingly, we propose that the characters, personas, or narrators
(whether real or fictitious) within media may project discernable personalities.
These personalities may reflect those of real individuals within the media, or of
individuals who were involved in creating the media, such as a firm’s employees
or management. Firms thus make (at least implicit) decisions about what
personalities to project in their media; Our aim is therefore to investigate whether
firms can uncover empirical insights to understand what personalities may be
more effective at appealing to their audience, and thus generate greater
consumption.
In assessing the role of personality on the consumption of online videos, we
contribute to a nascent, yet growing body of literature on content engineering. This
research explores the role of content features on the effectiveness of various
media, including traditional offline ads, digital ads, and non-advertising media.
For example, research has examined the effects of appealing to intuition vs.
reason in direct advertising (Bertrand et al. 2010), and of focusing on action,
information, or emotion in TV advertising (Liaukonyte et al. 2015). In a digital
context, research has also considered the benefits of ad personalization (Tucker
2014), and of features of Facebook posts on user engagement (Lee et al. 2018).
Finally, some work has explored the role of content for media besides
advertisements, including the effect of emotional content on the digital sharing
of New York Times articles (Berger and Milkman 2012), and the effect of political
slant on newspaper readership (Gentzkow and Shapiro 2010).
While prior research suggests an association between content and the spread of
WOM, we build on that work in three key ways. First, previous studies focus on
media whose popularity is inherently ephemeral, such as newspapers providing
timely information, or Facebook posts that quickly get drowned out in new
content. However, our study focuses on online videos, which exhibit dynamic
consumption patterns that we can examine over an extended time period.
Second, this study is the first, to our knowledge, to examine the role of
personality in digital media consumption. In doing so, we answer calls to consider
the role of rich, multi-dimensional aspects of human behavior, and moving
beyond binary or one-dimensional metrics such as sentiment (Kim et al. 2013).
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Given increasing sophistication of content analysis techniques, our analyses may
provide a useful example to inspire future research. Third, our study uncovers
not only “global” insights that may apply to all content creators, but also
demonstrates that it can be even more useful to identify high-performing content
features for a particular content creator.
2

Theory and Methdology

2.1

How Content Personality Affects Media Consumption

To understand the connection between personality and media consumption, we
draw from literature on WOM, information diffusion, and personality theory to
propose the mechanism illustrated in Figure 1. First, we note that any speechdriven media featuring a focal persona or narrator will project their personality
through its speech. Although personality is considered an internal property of
individuals, it can be inferred with high accuracy by observing external constructs
such as word choice and phrasing (Fast and Funder 2008; Goldbeck et al. 2011).
Moreover, speech can be used to infer personalities associated not only with
individuals (Roccas et al. 2002; Salgado 2003), but also with entities created with
human input (Aaker 1997; Corr and Matthews 2009), including digital media
(Nass and Lee 2001). Thus, we can reliably extract personality traits from the
speech associated with a video’s narrator, without directly administering a
psychological personality test (Hirsch and Peterson 2009). Although personality
may correlate with features besides speech, text-based methods are considered
the best and most accurate way to infer personality (Pennebaker 2013, ch. 4).
Hence, one can argue that through the script or speech associated with a video’s
protagonist, we can infer the personality of the media. It is worth noting that we
focus on this overall personality, rather than the words themselves, because
higher-level constructs such as personality will offer more prescriptive value
(Song et al. 2013).
Given that speech-driven media exhibit personalities, we consider how this
personality could affect media consumption. We argue that the personality of
media can affect the nature of the WOM around the media. Depending on who
the content of the media appeals to, the quantity and quality of this WOM may
vary. One reason for this may be that the media content resonates with its
consumers by exhibiting similar personalities. Because interpersonal similarity
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tends to increase trust and decrease social friction (Byrne 1997; Lichetenthal and
Tellefsen 2001), one can argue that media with personalities that match those of
their consumer base may tend to generate more WOM. Similar benefits of
personality similarity have been found in a variety of contexts, including
friendship formation (Morry 2007), marital stability (Kelly & Conley 1987), and
attraction to employers by employees (Devendorf and Highhouse 2010). In
addition, individuals may be more prone to sharing media that reflects a
personality to which they aspire (Malhotra 1988; Sirgy 1992). For example, if
individuals wish to be perceived as more open, they may be more drawn to other
individuals (or media) that exhibit high openness, regardless of whether they
exhibit this trait themselves. Thus, due to interpersonal similarity and/or
personal aspirations, the personality of media content may affect the personality
of those who propagate WOM around the media upon consuming it. In turn, the
personality of these consumers may affect the quantity, quality, and effectiveness
of the WOM spread around the media (Adamopoulos et al. 2018; Devaraj et al.
2008; Lee et al. 2014).
Because WOM is a key driver of the popularity of digital media (Susarla et al.
2011), it is likely that the nature of this WOM will, in turn, affect the consumption
of the media. As more individuals consume these media based on online chatter,
they too may spread WOM around the media, creating a positive feedback loop
between WOM and video consumption.

Figure 1. How Media Content Affects Consumption
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Measuring Effect of Media Consumption on Personality

To extract predictive, economic, and prescriptive insights into the relationship
between media content and its consumption, we introduce a three-step approach,
outlined in Figure 2. Although we employ this approach in the context of online
videos and personality, the methodology would allow for consideration of other
content features (e.g., visuals, tone) as appropriate for a given context, as well as
other media formats (e.g., images).

Figure 2. Overview of Methodology

To establish whether personality affects the consumption of online videos, we
would first like to understand the predictive role of personality. To achieve this,
our first step is to label each video based on the question: given its initial
consumption momentum, does the video over- or under-perform? Because the
early consumption of digital media reasonably predicts its long-term success
(Szabo and Huberman 2010; Pinto et al. 2013) 3, one can argue that videos with
similar initial views have similar potential. Per the “She’s Mercedes” example in
Figure 2, the early performance of media may be influenced by their superficial
characteristics (e.g., brand, followers, audience size). On the other hand, as media
are consumed over time, WOM plays an increasing role in their diffusion
(Mahajan and Peterson 1985), suggesting that the actual content of the media will
play a more salient role in their long-term consumption. Hence, our approach
focuses on categorizing videos by performance relative to expectation, so that
3 Past performance of a video is regarded as the best predictor of its future performance, regardless of the
content or channel associated with the video.
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we can eventually identify content features associated with over- and underperformance.
To estimate a video’s expected views on a specific day t, we take the average of
views on day t of a set of videos that had similar consumption to the focal video
in their first 24 hours (i.e., on day one). We label videos that outperform their
corresponding similar videos as “high performing” (i.e., labeled as “1”) on day t,
whereas those that underperform relative to expectation are labeled as “lowperforming” (i.e., labeled “0”). We achieve this labelling in a two-step process,
characterized by equations 1 and 2 below. Using Equation 1, we calculate the
similarity in initial views of a pair of videos by simply taking the absolute value
of the difference between these two view counts. In Equation 2, we obtain the
median number of views on day t of k videos with the most similar initial
performance. For our main analysis, we will use twenty videos with the most
similar initial performance to a focal video (i.e., k = 20) – we will assess the
robustness of this choice later. Finally, in Equation 3, we give video i label Hi(t)
in accordance with its relative performance at time t.
Equation 1.

i'

Equation 2.
Equation 3.

Similarity in initial performance between video i and video
𝑠𝑠(𝑣𝑣𝑖𝑖 , 𝑣𝑣𝑖𝑖′ ) = �(𝑌𝑌𝑖𝑖 (1) − 𝑌𝑌𝑖𝑖′ (1))2

Expected Views of video i at time t
𝐸𝐸[𝑌𝑌𝑖𝑖 (t)] = median(𝑌𝑌𝑖𝑖𝑘𝑘 (𝑡𝑡))
Labelling Videos by Performance
𝑌𝑌𝑖𝑖 (𝑡𝑡) > 𝐸𝐸[𝑌𝑌𝑖𝑖 (t)] → 𝐻𝐻𝑖𝑖 (𝑡𝑡) = 1
𝑌𝑌𝑖𝑖 (𝑡𝑡) < 𝐸𝐸[𝑌𝑌𝑖𝑖 (t)] → 𝐻𝐻𝑖𝑖 (𝑡𝑡) = 0

Where s(vi, v’i) = similarity in views between video i and video i' on day 1
k
= the number of videos similar to i used to calculate expected
future performance
Yik (t) = views of the kth most similar video to video i on day t

Using these performance labels, we would like to assess the role of personality
on media consumption. To do this, we use random forests to estimate the effect
of video personalities (as independent variables), on the video labels (as the
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dependent variable). Hence, these forests classify video performance using only
personality traits. It is worth noting that labels associated with a single video may
evolve over time. To account for account for a potentially evolving role of
personality in the consumption of videos, we estimate random forests at each
time.
Since random forest prediction accuracy may depend on the underlying
heterogeneity of training data, we test our approach using different training sets
– namely, channel-specific (somewhat heterogeneous) and global (highly
heterogeneous). While global forests allow us to uncover overall insights into
what personalities are high-performing, channel-specific forests will identify
personalities that are high-performing for a given content creator. The global
forests use all videos in our dataset to learn what personalities are associated with
high- and low-performing videos. Meanwhile, channel-specific forests use only
videos within a given channel to predict performance based on personality 4.
Intuitively, a given channel may have specific personalities that perform well for
their audience. For example, a channel such as McDonalds may cater to a
different audience than that of Business Insider, and thus may benefit from
different personalities being reflected in their media. These differences in
personality may be due to factors such as differing audience demographics, or
differing products offered by each firm. Furthermore, even if we can identify
high-performing personalities for specific channels, it does not necessarily follow
that there would be personalities that tend to perform well across all content
creators. Thus, both global and channel-specific models warrant investigation.
Given the assessment of the predictive role of personality in video popularity,
the next part of our analysis measures the economic effect of personality on
views. That is, if we classify a video (whether accurately or not) as highperforming, what change in views can the video expect to see? To quantify this
effect, we estimate a panel data model that considers the role of relevant
parameters on the daily views achieved by videos. To estimate the expected
benefits of a video being classified as high-performing, we include this
personality-based performance classification as an independent variable in our
model. To extract further insights on the role of personality traits, we additionally
We estimate channel-specific forests for 80 channels for which we have data on at least 30 videos associated
with the channel.

4
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control for percentile scores of each “big five” trait. To isolate the effect of
personality from time-specific shocks in WOM that may affect views, we
consider the change in number of likes and dislikes in each time period. As a
robustness check, we estimate this model with not only the video’s classification,
but with its likelihood score produced during the random forest estimation. This
score reflects the proportion of trees that classified the video as “highperforming”, and thus represents the confidence level associated with the
classification. We estimate the below model using both global and channelspecific classifications.
Model 1.
The Effect of Personality Classification on Video
Views
log 𝑌𝑌𝑖𝑖𝑖𝑖,𝑡𝑡 − 𝑙𝑙𝑙𝑙𝑙𝑙𝑌𝑌𝑖𝑖𝑖𝑖,𝑡𝑡−1
= 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑪𝑪𝒊𝒊𝒊𝒊,𝒕𝒕 + 𝛽𝛽𝑃𝑃 ∗ 𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛽𝛽2 ∗ ∆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖,𝑡𝑡 + 𝛽𝛽3
∗ ∆𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖𝑖𝑖,𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡

log 𝑌𝑌𝑖𝑖𝑖𝑖,𝑡𝑡 − 𝑙𝑙𝑙𝑙𝑙𝑙𝑌𝑌𝑖𝑖𝑖𝑖,𝑡𝑡−1

= 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑳𝑳𝒊𝒊𝒊𝒊,𝒕𝒕 + 𝛽𝛽𝑃𝑃 ∗ 𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛽𝛽2 ∗ ∆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑗𝑗,𝑡𝑡 + 𝛽𝛽3

Where Yij,t
Cij,t
Lij,t
Pij

Δlikesij,t
Δlikesij,t

∗ ∆𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖𝑖𝑖,𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡

= daily views for video i in channel j at time t
= Classification (0 or 1) associated with video i in
channel j at time t
= Proportion of trees classifying video i in channel j as
high-performing at time t
= Vector of percentile scores associated with each “big
five” personality traits
associated with video i in channel j
= change in number of likes associated with video i in
channel j between time t and t-1
= change in number of dislikes associated with video i
in channel j between time t and t-1

With our understanding of the predictive and economic effects of personality on
views, a logical next step would be to examine what personalities are most
effective in increasing views. To do so, we will cluster videos by personality, and
examine the average performance classifications of each personality cluster.
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Data

We examine the role of content personality on the consumption of digital media
using a unique dataset consisting of 16,414 online videos from 363 YouTube
channels. We collected daily statistics on these videos and channels over 365 days,
as represented in Figure 3 and summarized in Table 1 below.

Figure 3. Data Overview
Table 1. Summary Statistics of Video and Channel Attributes

Video
Channel
Channel

Attribute
Caption length (#
words)
# subscribers (max.)
# videos (max.)

Mean (St Dev)
923 (1,172)
2,595,446 (5,662,767)
1,760.91 (7,122.04)

Because we want to assess the relationship between videos’ consumption
patterns their personality, our data collection approach selects videos that were
more likely to exhibit a discernable personality. To this end, we targeted videos
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that were speech-driven, rather than oriented around musical or visual elements.
To identify such videos, we created a script that determined whether a video
contained caption text, and whether this caption text was uploaded by the
channel itself (as opposed to auto-generated) 5. We target videos that contain
caption text because psycholinguistic theory suggests that personality can be best
inferred through speech, while theory that may help us infer personality through
other components (e.g., visuals, music) is much less established. Speech-driven
videos are therefore appropriate to the context of our study, as these videos
typically have a discernable narrator or protagonist, who will project a specific
personality.
To identify channels containing videos satisfying the aforementioned criteria, we
considered channels associated with Fortune 500 companies, as well as over
1,000 channels associated with trending videos on YouTube over a two-week
period 6. We identified 61 such channels from the Fortune 500, and 302 channels
associated with YouTube trending videos. To collect daily data on these videos
from 363 channels, we executed a daily script. We obtained overvations on 6,640
videos with over 100 words of caption data, along with daily view, like, and dislike
statistics over 365 days.
To infer the personalities of videos using caption text, we used IBM Watson
Personality Insights 7. Watson estimates the personality of a text corpus using
natural language processing (NLP). This NLP analysis leverages a large database
of diverse text corpuses with pre-labeled (i.e., known) personalities, and thus
estimates the personality of each new corpus in a supervised manner. Based on
this semantic similarity between video caption text and these pre-labeled
corpuses, the IBM service outputs a vector with percentile scores for each of the
“Big Five” personality traits.
Summary statistics on personality scores in Table 2 suggest that, with regard to
most traits, YouTube videos are representative of personalities among the
population. The one exception is openness, which is exhibited to a greater extent
on YouTube captions than in other text corpuses.
Captions can be viewed on YouTube by clicking on the ‘CC’ button on the lower-right corner of the video.
The videos that were actually trending were not included in our dataset. Rather, trending videos helped us
identify channels from which we would collect future data.
7 https://console.bluemix.net/docs/services/personality-insights/science.html#science
5
6
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Table 2. Summary Statistics for Video Personality Trait Percentiles

Personality Trait
Openness
Conscientiousness
Extroversion
Agreeableness
Neuroticism

Mean (St Dev)
.90 (.17)
.51 (.27)
.41 (.29)
.33 (.33)
.65 (.25)

While our data collection process selects a targeted sample of vidoes, our analysis
approach can be implemented using various video features (e.g., visuals, tone).
Speech-driven videos are simply selected due to the focus on personality.
4

Solution Design and Development

4.1

Predictive Insights: Personality and Video Performance

Per the first step of our methodology, we label all videos as high- or lowperforming, based on whether they have more of fewer views than the median
number of views of twenty similar videos at a particular time t. Using these labels,
we estimate global and channel-specific random forests that classify video
performance at each time period, using only personality traits as independent
variables. Observing the accuracy of our random forest classifications in Figure
4, we find that both global and channel-level estimations achieve an accuracy
greater than 50% over all time periods.
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Figure 4. Accuracy of Random Forests over Time

Our findings offer evidence that we can indeed learn what personalities are
associated with high-performing videos. Notably, accuracy could be improved by
observing additional attributes of the video, including stochastic features such as
view counts from prior days. However, to maintain our emphasis on content
engineering, we focus on the relationship between the performance of a video
and its time-invariant features, as only these features are manipulable during
media creation.
Per Figure 4, channel-level accuracy remains consistently above the global
accuracy. While the channel-level model peaks at 72% accuracy on day 16, the
global accuracy peaks at 68% on day 12. This suggests there are both global and
channel-level insights into the role of personality in video consumption, but that
the channel-specific insights may be more informative. This is likely due to our
prior argument that specific personalities may appeal to the target audience of
each channel.

H. Krijestorac, R. Garg, M. Saar-Tsechansky: Personality-Based Content Engineering for Rich
Digital Media

4.2

925

Economic Insights: Effect of Personality on Video Consumption

Building on our assessment of the predictive power of personality on video
consumption, we assess the economic effects of personality classifications. To
this end, we estimate Model 1 on both global and channel-specific forests to
evaluate this economic impact. Estimating the global model produces results
shown in Table 3 8. Despite lower accuracy and robustness of global
classifications, our estimates suggest that videos classified as high-performing
based on their personality can expect to achieve 0.5% more views per day, relative
to those with low-performing personalities. The positive coefficient on likelihood
confirms the robustness of this result, and suggests that videos classified as highperforming with 10% greater confidence can expect to generate .028% more
daily views.
Additionally, we find that videos with lower openness and lower
conscientiousness may achieve more views. Our estimates indicate that a
decrease of 10 percentile points in openness is associated with a 0.09% increase
in daily views. Similarly, a 10 percentile decrease in conscientiousness is
associated with a 0.13% increase in daily views. Finally, we find that one
additional like or dislikes is associated with an increase in daily views by 0.002%
and 0.006%, respectively. Because changes in likes and dislikes can be seen as a
proxy for time-specific WOM associated with a video, we would expect to see
this positive relationship. Furthermore, controlling for these time-specific factors
allows us to control for exogenous shocks that may otherwise bias our estimates.

8 Note that personality scores for both global and channel-specific models are normalized across all videos, and
not just a specific subset of videos. In addition, multi-collinearity tests reveal no concerns over including all
personality traits in one model – i.e., VIF is below 10 for all models.
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Table 3. Effect of Global Performance Classification on Views

Classification: Cij,t
Likelihood Lij,t

Coefficient
(SD)
0.006***
(0.0003)

Coefficient
(SD)
0.005***
(0.0003)
-0.009***
(0.0026)
-0.013***
(0.0020)
0.003
(0.0017)
0.002
(0.0014)
0.002
(0.0024)

Openness
Conscientiousness
Extroversion
Agreeableness
Neuroticism
ΔLikesij,t
ΔDislikesij,t
Intercept

0.017***
(0.0004)

*p < 0.1; *p < 0.05; ***p < 0.01

0.029***
(0.0026)

Coefficient (SD)

Coefficient (SD)

0.005*** (0.0003)
0.028*** (0.0012)
-0.005* (0.0026)

-0.005* (0.0026)

-0.012***
(0.0019)

-0.012***
(0.0019)

0.004 (0.0016)

0.004 (0.0017)

0.0002 (0.0014)

0.0001 (0.0015)

0.003 (0.0024)

0.003 (0.0024)

0.00002***
(0.0000002)
0.00006***
(0.000002)

0.00002***
(0.0000002)
0.00006***
(0.000002)

0.022*** (0.0026)

0.011*** (0.0027)

We observe in Table 4 that channel-specific personality classifications yield a one
percent increase in daily views, having double the benefit of global classifications.
Such a result is to be expected, given the greater accuracy and robustness of the
channel-specific classifications. Supporting the robustness of this finding, our
estimates suggest that videos classified as high-performing with 10% greater
likelihood can expect to achieve 0.033% more daily views. Furthermore, we
confirm our prior result on the negative effect of conscientiousness on video
views, with our estimates suggesting that a 10 percentile decrease in
conscientiousness would lead to a .17% increase in daily views.
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Table 4. Effect of Channel-Specific Performance Classification on Views

Classification: Cij,t
Likelihood Lij,t
Openness

Coefficient
(SD)
0.010***
(0.001)

Coefficient
(SD)
0.011***
(0.001)
0.004 (0.11)
-0.017**
(0.008)
0.005 (0.007)
0.006 (0.006)
0.014 (0.010)

Conscientiousness
Extroversion
Agreeableness
Neuroticism
ΔLikesij,t
ΔDislikesij,t
Intercept

0.035***
(0.002)

*p < 0.1; *p < 0.05; ***p < 0.01

0.027***
(0.011)

Coefficient (SD)

Coefficient (SD)

0.010*** (0.001)
-0.001 (0.008)

0.033*** (0.002)
0.003 (0.008)

-0.013** (0.006)

-0.011* (0.006)

0.005 (0.005)
0.0004 (0.005)
0.008 (0.008)
0.00001***
(0.0000001)
0.0002***
(0.0000003)

0.004 (0.005)
0.0002 (0.005)
0.009 (0.008)
0.00001***
(0.0000001)
0.0002***
(0.0000004)

0.030*** (0.001)

0.015* (0.009)

A notable difference between the channel-specific and global model estimates is
that while the global model suggests a negative effect of openness, the channellevel model does not. Given the greater accuracy and robustness of the channel
model, this inconsistency may be due to the superior ability of the channel-level
classifications to capture a preference for lower openness. At the same time, the
notion that lower openness could be beneficial to many videos is supported by
the high overall level of openness of YouTube videos (per Table 2), relative to
the average openness of individuals. Because videos exhibiting high openness
may not reflect the personality of their consumers, these viewers may be less
likely to spread WOM about the video.
Given the aforementioned findings, we would like to illustrate the long-term,
cumulative effects of our personality-based performance classifications. To do
so, we apply the one percent increase in daily views suggested by our channellevel classifications across the lifespan of all videos in our dataset. We find that
this daily increase in views increases cumulative views of videos by an average of
14.6% (SD = 3.2%). Hence, the daily increases in views associated with highperforming personalities may compound over time to generate meaningful longrun benefits. It should also be noted that content creators can reap these benefits
across all videos from their channel, or a specific campaign, which could increase
the effectiveness of their content marketing strategy.
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Discussion

This research takes initial steps to evaluate the important yet underexplored
relationship between content features and the consumption of digital media.
Given growing emphasis on rich digital media, it is important to understand how
the design of these media may influence their attractiveness. Through the lens of
personality, we provide evidence of an association between the personality and
the success of 6,440 videos from 80 YouTube channels. We find that personality
can identify high-performing media with strong accuracy and robustness, and
with meaningful benefits.
The implications of our work concern marketers, as well as other creators of rich
digital media. First, these content creators should consider our global findings
regarding what personalities tend to be associated with high-performing videos.
By creating content that reflects a high-performing personality, they can create
digital media that has a higher likelihood of achieving greater popularity. Second,
content creators may want to obtain more detailed insights into what
personalities are high-performing for their audience. We find that these channelspecific insights are superior in both accuracy and impact. This is likely due to
the specificity of each channel’s audience, which may not be a representative
sample of the population, or even of the YouTube community. Thus, there may
be specific personalities that appeal to these audiences.
Regarding specific personality traits, we find that videos of lower
conscientiousness tend to achieve greater views. These videos may project a
personality that is more spontaneous, disorderly, and fun. Such personalities are
often associated with non-conformity and social differentiation (DeYoung et al.
2002). Due to individuals’ desire for social differentiation and originality
(Lemaine 1974), more consumers may be drawn to such videos. Because
individuals enjoy differentiating themselves through their consumption
preferences (Vandecasteele and Geuens 2010), these individuals may also be
more prone to sharing WOM about these videos.
In addition to our insights into the role of personality, we introduce a novel
methodology that can identify high-performing content features in general. This
approach allows for the consideration of complex, multi-dimensional constructs
such as visual features and tone, which are of increasing relevance due to
advancements in content analysis techniques. Future research can consider
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employing this approach to understand the role of other features for other forms
of media.
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